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Released by the Federal Reserve Bank in June of 2021, the Scaled CECL Allowance for
Loss Estimator (SCALE) is meant to assist community banks implementing the new Current
Expected Credit Loss (CECL) accounting standard. The efficacy of this method is important to
community banks and financial institutions considering the use of SCALE to estimate expected
future losses. Using quarterly Call Report data, two separate analyses of the SCALE method are
conducted. First for qualifying community banks and second for Farm Credit Services of
America, an agricultural credit association within the Farm Credit System. For the first quarter of
2022, both analyses find that credit loss allowances following CECL methodology were greater
than those currently reported under the Incurred Loss Method, the former method to CECL. This
analysis furthers research surrounding the CECL standard while showing potential outcomes for
institutions using SCALE.
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Introduction of CECL and SCALE
Banking, along with many associated financial industries, fell under intense scrutiny following the
financial crisis. One of the faults revealed in the wake of the crisis involved how institutions accounted
for credit loss provisions. During this period, most financial institutions were required to follow the
Incurred Loss Method (ILM) to determine an Allowance for Loan and Lease Losses (ALLL). The ILM
considers the past performance of assets and typically requires banks to incur a loss prior to increasing
loss allowances. This method was determined to be too reactionary and did not allow for a timely
adjustment to reserve levels based on general expectations of future economic conditions (Federal
Reserve Letter SR 19-8). After the financial crisis, the Financial Accounting Standards Board (FASB)
worked to develop a new method to address this perceived fault in accounting for credit losses.
Created in 1973, the FASB is an independent organization responsible for establishing accounting
and financial reporting standards for U.S. companies and organizations. The main function of the FASB
is to establish and enhance Generally Accepted Accounting Principles (GAAP), which is a common set of
accounting rules, procedures, and standards for companies to follow. Public companies in the U.S., along
with those reporting financial statements to the Securities and Exchange Commission (SEC), must follow
GAAP. Although compliance with GAAP is not required for private institutions, bank regulators often
require GAAP-based reporting. Additionally, banks file quarterly reports with the SEC, effectively
requiring all financial institutions to abide by GAAP and the standards set by the FASB. In June of 2016,
the FASB, under supervision from the SEC, issued a new rule to account for future credit losses.
The Current Expected Credit Loss (CECL) method requires banks to use historical information,
current market conditions, and expectations of the future economic environment when determining
allowances for credit losses (ACLs). Simply put, CECL requires the estimation of expected losses over
the life of a loan, in contrast, ILM is based on historic, or incurred losses. In this regard, CECL is forward
looking when determining asset impairment so that institutions maintain appropriate levels of reserves
subject to the fluctuations of risk in a given portfolio.
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Although CECL was introduced in 2016, the implementation of the rule has had a slow rollout
and faced further delays due to economic policy in response to COVID-19. Numerous financial
institutions with less than $50 billion in assets have already adopted CECL, while implementation of the
standard will be required for all institutions filing with the SEC by January of 2023. To aid smaller
community banks with the upcoming transition, the Federal Reserve issued the Scaled CECL Allowance
for Losses Estimator (SCALE) in July of 2021. Meant for institutions under $1 billion in assets, SCALE
is based on the utilization of loss rates from larger banks that follow CECL requirements. Rather than
deriving their own expected loss rates, banks using SCALE can calculate average lifetime loss rates,
coming from a group of larger peers, as proxies for their own. Bank management are allowed to make
reasonable adjustments to the peer rates to account for institution-specific asset risks and economic
conditions. These proxy rates are applied to segment-specific portfolios of homogeneous loans, while
loans with dissimilar risk characteristics must be considered on an individual basis and a loss allowance
in accordance with CECL guidelines must be derived.
The purpose of this research is to determine potential outcomes for financial institutions under a
CECL methodology. Using quarterly institution level data, a stochastic simulation model leveraging the
SCALE tool is designed. This is done through two separate analyses regarding: 1) Qualifying U.S.
community banks and 2) Farm Credit Services of America, a lending association within the Farm Credit
System.
To date, there are no academic or research studies that offer a detailed analysis of the SCALE
approach. While CECL research has grown significantly in recent years, many studies are limited in
scope due to the timing of the rule. Additionally, there are very few articles considering the implications
of CECL for the Farm Credit System. This research thesis adds to the growing body of work around
CECL for both banks and Farm Credit institutions, while providing a detail analysis of the SCALE tool.
This paper continues with a brief section describing previous research around the CECL standard
followed by an overview of the SCALE tool and its function. Then, two separate analyses are presented in
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the following chapters: Chapter 1) SCALE for U.S. Community Banks and Chapter 2) SCALE for the
Farm Credit System. The two chapters share similar methods but are designed to be viewed independently
of each other. While the chapters share similar methods, each has its own sections and pursue different
objectives.

Literature Review
In the wake of the financial crisis, it was determined that the incurred loss method restricted the ability to
record credit losses that were expected, noting the delay in recognition of credit losses resulted in loss
allowances that were “too little, too late” (Federal Reserve Letter SR 19-8). The delay in loss recognition
was attributed to causing a procyclical effect, such that delaying recognition impacted the ability of
reserves to cover credit losses during times of financial distress or economic downturn.
Research by Beatty and Liao (2010) shows that during a recession, banks that failed to anticipate
increased loan defaults were more likely to decrease lending. They also find that banks with greater
delays in expected loan loss recognition were more likely to be subject to capital crunches during
recession, such that loan supply falls below loan demand. Their research suggests that lending of banks
with greater delays in expected loss recognition is more procyclical.
A goal of CECL is to reduce any procyclical effects that can exacerbate negative economic
cycles; however, some studies provide mixed results to this end. Loudis and Ranish (2019) conclude that
CECL results in an earlier accumulation of allowances prior to recessions than the incurred loss method.
They find that CECL would have reduced lending leading up to the financial crisis and increased lending
during the recovery. However, they point out that CECL has a large impact on loans at origination,
whereas usually no allowances were required for loans at origination under the former incurred loss
model. This can cause capital constraints in the short run and lead to a lower level of lending, especially
for segments with higher credit risk, thus attributing to a procyclical effect. This shows the fine line that
regulators ask lending institutions to maintain when it comes to reserve levels. Too little of reserves, and a
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bank may not be able to adequately cover credit losses, while too many can potentially encourage banks
to deleverage more.
CECL could allow for earlier recognition of credit losses, which potentially aids in bank
performance and stability but may also increase costs. McPhail and McPhail (2014) note that banks will
incur operational implementation costs and lose potential interest income from increased reserves. They
speculate that CECL could increase the allowance levels of financial institutions by 30 to 50 percent. This
aligns with results from a study of CECL adopters by the Federal Reserve, stating that “adoption of
CECL resulted in an immediate 37 percent increase in adopters’ allowances” (Loudis et al. 2021). The
research by McPhail and McPhail (2014) provides a comparison of CECL modeling options, placing
importance on the use of high-quality loan level data over several years to produce reliable estimates.
Research evaluating credit risk models by Lopez and Saidenberg (2000) reinforces the need for quality
data with many observed outcomes. They state that data limitations create serious difficulties for
validation of credit risk models by the bank or third parties, such as auditors or regulators.
It is also important to consider the influence of bank auditors and regulators on the
implementation of CECL. Regulators are focused on the safety and soundness of a bank’s financial
position, while auditors are concerned with the compliance of accounting rules and standards. Nicoletti
(2018) finds that external audits and greater regulatory scrutiny are positively associated with the
timeliness of loan loss provisions. This suggests that the objectives of auditors and regulators may
influence the outcomes of CECL.

SCALE Tool Overview
In this section, a detailed background of the SCALE tool is provided to better understand its function.
SCALE is a spreadsheet-based tool that is meant to be a simple method for individual community banks
attempting to derive a total CECL ACL. The SCALE tool serves as a template for community banks to
follow and allows for the use of external data to derive proxy expected lifetime loss rates. Guidance from
SCALE suggests using external data from larger peer banks reporting CECL ACLs under Part II of
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Schedule RI-C of the Reports of Condition and Income (Call Reports). Institutions with $1 billion or
more in assets are required to report expected loss allowances on this schedule for real estate loans
(construction, commercial, and residential), along with commercial, credit card, and other consumer
loans. Due to these reporting requirements, all banks utilizing SCALE and these data must be below the
$1 billion asset threshold. Additionally, the SCALE framework provides community banks both
quantitative and qualitative ways to adjust the peer rates to better reflect institution-specific risk.
Figure 1 in Appendix A shows the summary spreadsheet of the SCALE tool. This page details
how all calculations are made to arrive at a finale ACL/Total Loan percentage. A bank using SCALE
enters two pieces of data on this page, their segment specific loan balances and the peer expected lifetime
loss rates. All other information will be entered on the remaining spreadsheets of the SCALE tool and
propagated here.
Figure 2 in Appendix A shows the second spreadsheet of SCALE tool. Here, assets with
dissimilar risk characteristics must be assessed on an individual basis and in accordance with CECL.
Since these assets do not share risk characteristics with other financial assets, it would be inappropriate to
apply proxy expected lifetime loss rates derived from the Schedule RI-C data (SCALE Instructions 2021).
Therefore, any loans that are not reflective of the overall portfolio must be accounted for in this section
and deducted from the overall portfolio balance. The proxy expected lifetime loss rates are to be applied
to the remaining pool of loans (total loans – individually assessed loans). However, guidance issued with
SCALE does not suggest a method for deriving expected lifetime loss rates for the individually assessed
loans. This means that community banks will need to derive a CECL allowance for these assets, albeit a
small portion when compared to their total loans.
Figure 3 in Appendix A shows the third spreadsheet of the SCALE tool. Here, a bank using
SCALE can make any necessary qualitative adjustments to the proxy rates. Since the proxy rates used
come from the previous reporting period (previous quarter), a lag exists between the proxy data and the
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current date. Bank management may decide if a qualitative adjustment is necessary to reflect current
conditions and reasonable forecasts that might not have been observed in the proxy data.
Figure 4 in Appendix A shows the fourth and final spreadsheet. In addition to qualitative factors,
the SCALE approach suggests that proxy rates can be adjusted for historical losses to depict an individual
bank’s credit risk more accurately (Federal Reserve SR Report 2021). This section allows for institutions
to make an adjustment based on their historical net losses relative to a group of peer community banks.
The comparison between a bank’s own historic losses and those of peers is made over an appropriate
period, based on management judgment.
Once all the steps are completed, a bank is left with an overall CECL ACL estimate shown on the
summary spreadsheet. Instructions issued with SCALE clarify that utilization of the approach does not
ensure compliance with GAAP or any other requirement (SCALE Instructions 2021). Institutions are
permitted to use different methods for estimating its ACLs and bank management is not prohibited from
adopting a different approach that provides more accurate results. If SCALE can provide appropriate
estimates, it can serve as a suitable alternative to the development of a full CECL model, saving
community banks time and resources.
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1 Introduction
Initially introduced in 2016, implementation of the Current Expected Credit Losses (CECL) standard has
had a slow rollout and faced delays due to economic policy in response to COVID-19. Numerous banks
have already adopted the new rule, while implementation is required for all institutions whose financial
statements conform to Generally Accepted Accounting Principles (GAAP) as of January 2023. The
Scaled CECL Allowance for Loss Estimator (SCALE) tool is one method that smaller community banks
can use to help with the upcoming transition. Using quarterly loan data, the SCALE tool provides a
snapshot of the loans a given bank has at a given point in time. In this instance, the SCALE tool makes
estimates for the following period from currently observed amounts. Since its release in July of 2021,
additional methods have been developed to provide community banks with comparable alternatives. For
example, the Weighted-Average Remaining Maturity (WARM) method uses average annual charge-off
rates and the remaining life of each loan to estimate allowances. While the two methods represent
different approaches, both are intended to make compliance with CECL easier for community banks.
In the wake of the financial crisis, the Incurred Loss Method (ILM) was considered too
reactionary in determining an allowance for loan and lease losses (ALLL). Among the expected benefits
of CECL is the forward-looking view when determining an allowance for credit loss (ACL). Optimally,
CECL would be countercyclical in nature by limiting lending during periods of increased economic
growth – raising reserves appropriately with the level of lending – and increasing lending during
downturns. However, many have argued that CECL can have the opposite effect in certain instances.
Research from Wagner (2019) suggests that CECL requires greater upfront costs, especially for unsecured
or higher risk loans. While CECL requires lending institutions to recognize expected losses immediately,
earnings or revenue are not recognized early. This suggests that the greater upfront costs could lead to
decreased earnings, providing financial metrics which may not incorporate all available information.
When confronted with the increased operation and implementation costs associated with CECL,
regulators suggest that smaller banks would be able to adjust their existing allowances without the use of
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costly or complex models (FDIC Joint Statement 2016). If the SCALE tool can provide an accurate
representation of a bank’s credit risk, then it can provide community banks an inexpensive alternative to
the development of a full CECL model.
To date, there have been no academic studies considering the implications of SCALE for
financial institutions. The purpose of this research is to thoroughly examine the SCALE process offered to
community banks and to estimate potential outcomes within its framework. Using bank level Call Report
data, a stochastic simulation model of SCALE for qualifying banks is developed. Results from this
analysis may be helpful to institutions considering the use of SCALE while expanding the current scope
of academic research in this area.
This chapter is organized as follows: In section 2, potential challenges presented by the SCALE
approach are discussed. Section 3 provides a brief description of the data used, followed by an
explanation of the empirical models developed for the analysis in section 4. The paper continues with
section 5, which details the application of the empirical models, further describing how the data is
leveraged and motivations for any necessary assumptions. In section 6, important findings are highlighted
with a discussion of potential outcomes banks can expect when utilizing the SCALE approach.

2 Potential Issues with SCALE
This approach provides an easier way for smaller community banks to comply with the standard, but the
method of utilizing proxy rates from the Schedule RI-C data raise at least three potential challenges:
1) The validity of using proxy rates from much larger banks with potentially dissimilar loan
portfolios and risks,
2) Timing issues using proxy rates from the previous reporting period,
3) The need for more specific proxy expected loss rates rather than the ACLs for the six reported
aggregate loan portfolios.
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The first challenge may be mitigated through peer group selection. Bank peer group selection has
been researched and a variety of methods exist. Bank asset size is often used to identify community banks
and differences in bank operational abilities, while other methods form groups by relating bank
performance to diversification (e.g., see Berger 1995; Elsas et al. 2010; Cyree et al. 2020). In a
publication reviewing CECL guidance, the Office of the Comptroller of the Currency recognizes that
external data can serve as a good starting point and using data from peer banks with similar portfolios,
product types, or risk characteristics promotes data comparability and relevancy (Comptroller’s
Handbook 2021). However, no guidance has been released with SCALE that would provide a consistent
selection of peers across all banks, leaving bank management to ensure that allowances accurately reflect
an appropriate level of credit risk (SCALE Instructions 2021).
Second, since the proxy loss rates would be based on information from the previous reporting period,
a lag exists between the proxy data and the current date. If proxy rates are not adjusted to reflect the
current period, this timing issue could result in banks not being adequately prepared in the event of a
quickly changing economic environment.
Finally, the underlying loans making up the aggregated portfolio data from peers may not accurately
represent those held by a given community bank. Banks reporting CECL ACLs are only required to
provide allowances for the six broad loan categories (Real Estate Construction, Real Estate Commercial,
Real Estate Residential, Commercial, Credit Cards, and Other Consumer loans). This can be an issue for
smaller community banks who serve a particular industry and could benefit from more granular data. For
example, a community bank in a rural area with a larger percentage of loans to the agriculture industry
might not find the peer ACL for the broader commercial segments directly comparable to their
agricultural loans.
Guidance issued with SCALE would suggest that adjustments for historical losses or qualitative
factors address the aforementioned concerns, but relying on subjective adjustments can undoubtably
decrease the consistency and validity of final ACL estimates (SCALE Instructions 2021). The SCALE
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tool provides a simple framework for making historical loss adjustments to account for an individual
bank’s historic losses, which is utilized by this study. However, adjustments for qualitative factors are not
implemented. The available data for this research do not allow for an accurate and consistent way to
observe the intricacies needed for bank level qualitative adjustments. Community banks are better suited
to make such adjustments; however, banks may find it difficult to accurately use qualitative adjustments
when comparing themselves to these larger peers when accounting for differences in risk, impacts of
economic changes, and the structure of their loan portfolios.

3 Data
Quarterly bank level data is obtained from 2012-2021 Call Reports available at the Federal Financial
Institutions Examination Council (FFIEC) database. As of the fourth quarter of 2021, the Call Reports
contain 3,865 community banks under $1 billion in total assets. Implementing requirements like those
used by Cyree (et al. 2020), banks that meet the following criteria are included: total assets greater than
$1 million, total loans greater than $750,000. These general criteria help remove any banks with reporting
errors or those that do not meet minimal operational requirements.
Banks with missing total asset or loan figures are also excluded, along with any banks located
outside of the United States. This leaves a final sample of 3,828 banks (referred to as SCALE banks or
community banks) that are placed into Small (1,276), Medium (1,276), and Large (1,276) groups based
on total assets. Grouping all eligible banks in thirds allows for estimates to be reported as averages of the
overall group, making comparisons across different bank asset sizes simpler. General statistics for the
groups are shown in Table 1.
It is observed that 2021 average year-to-date net interest margin (NIM) is the greatest for the
‘Large’ sample of banks (3.27 %), followed by ‘Medium’ (3.25%) and ‘Small’ (3.14%). Seen as a
profitability ratio, NIM is the total interest income less total interest expensed as a percent of average
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assets1. Research by Covas et al. (2015) offers an analysis of bank NIMs in the wake of the financial
crisis and their findings show that NIMs are generally compressed for all banks during a low-rate
environment. They also show that during periods of tightening monetary policy, the rates banks pay on
deposits tend to rise more slowly than market rates, allowing for banks to increase their NIMs. This could
be especially important for all banks in our sample as we move towards a higher-rate environment, since
smaller community banks often rely more heavily on deposits as a source of funds.
Data for the larger peer banks, used to obtain proxy expected lifetime loss rates, also comes from
the Call Report2. The Federal Reserve suggests the use of proxy data from banks reporting CECL
allowances with total assets between $1 and $10 billion, provided by an easily accessible spreadsheet
available at the CECL Resource Center’s online webpage.3 As of the fourth quarter of 2021, 122 banks
between $1-$10 billion in assets have reported CECL ACLs (referred to as peers, peer banks). In a later
section of the paper, further details are given regarding how proxy data from the peers is applied to the
sample of community banks. For reference, Table 2 shows overall statistics for the group of peer banks.
As seen from Table 2, the peer banks are much larger than the sample of community banks.
However, one bank in the sample of peers illustrates a total loan volume of $50,940,000, a low figure for
banks of this size. Upon further inspection, most of the assets held by this bank are in the form of
securities, while their lending is smaller in scope and is limited primarily to individual consumer and
credit card loans. Including this bank in the analysis will not be an issue, as only their allowance for credit
loss figures is utilized.
Furthermore, nonperforming loans, expressed as a percentage of total loans, are significantly
lower for the sample of peers compared to the community banks. This aligns with previous research

1

Net Interest Margin as defined by the Federal Deposit Insurance Corporation (FDIC). < https://www.fdic.gov/>
Banks report CECL ACLs on Part II of Schedule RI-C for the following loan segments: Real Estate Construction,
Real Estate Commercial, Real Estate Residential, Commercial, Credit Cards, and Other Consumer loans.
3
Consolidated publicly available Schedule RI-C filings from the Federal Reserve available at the CECL Resource
Center webpage < https://www.supervisionoutreach.org/cecl/ric>
2
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showing that smaller banks operate in markets with slightly larger nonperforming loan ratios (Akhigbe
and McNulty, 2005). Additionally, research from Berger et al. (2005) suggests that large banks lend
primarily to larger firms with good credit history and accounting records, while smaller banks are more
likely to lend to more difficult credits.

4 Model Design
The SCALE approach is designed for use at the bank-level; however, this analysis uses SCALE as more
of a “group” model. Although community banks are run through SCALE individually, some aspects of
this analysis utilize data representing the average bank within the different groups (Small, Medium, and
Large). To appropriately estimate outcomes using SCALE, a stochastic simulation model is developed
that utilizes community bank data and randomly generated ACLs from peers. For each group of
community banks, 100,000 potential outcomes are simulated and distributions of ACL estimates for each
individual bank are generated. Many of the procedures implemented addressing each part of the SCALE
tool can be described plainly and will be covered in section 5 of the paper. However, more complex
econometric models were developed to address the following areas:
1) Individually assessed loans - estimating a lifetime expected loss rate for assets with dissimilar risks by
establishing a framework showing how nonperforming loans transition to charge-off,
2) Proxy expected lifetime loss rates - establishing a process to simulate data from the group of larger
peer banks reporting allowances under CECL.
In this section, the motivations for each process are explained and the models are illustrated in further
detail.

4.1 Individually Assessed Loans
4.1a Loan States
In most cases, a bank likely has an internal risk rating system that describes loan-level credit risks. Such a
system would make estimating expected credit losses for specialized or higher-risk loans much easier at
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an individual bank level. However, there is no guarantee that bank internal risk rating systems would be
comparable across institutions. Furthermore, loan-specific characteristics or risk ratings for individual
banks are not observed, rather, the Call Report provides a snapshot of a bank’s end of quarter aggregate
loan balances at different states of credit (e.g., current, 30-89 days past due, 90+ days past due,
nonaccrual, charge-off, etc.). This is addressed by using nonperforming loan (NPL) balances to represent
a bank’s exposure to higher-risk assets and the movement of loan dollars between the different states of
credit are modeled.
Following methods illustrated by Stokes and Gloy (2007), the objective is to derive segmentspecific transition probabilities for the average community bank in each group (Small, Medium, and
Large) that show how loan dollars frequent the different credit states (Current, Nonperforming, and
Charge-off). Additionally, a ‘Pool’ state is incorporated to represent the maturity of currently held loans
or the origination of new loans, motivations for which are covered in a later section. The transition
probabilities are organized by a matrix, 𝐏, defined by the four different states of credit and represented as:
𝑝𝐶,𝐶
𝑝𝑁𝑃,𝐶
𝐏 = [𝑝
𝐶𝑂,𝐶
𝑝𝑃,𝐶

𝑝𝐶,𝑁𝑃
𝑝𝑁𝑃,𝑁𝑃
𝑝𝐶𝑂,𝑁𝑃
𝑝𝑃,𝑁𝑃

𝑝𝐶,𝐶𝑂
𝑝𝑁𝑃,𝐶𝑂
𝑝𝐶𝑂,𝐶𝑂
𝑝𝑃,𝐶𝑂

𝑝𝐶,𝑃
𝑝𝑁𝑃,𝑃
𝑝𝐶𝑂,𝑃 ]
𝑝𝑃,𝑃

(1)

The subscripts in (1) are defined as follows: C (current), NP (nonperforming), CO (charge-off),
and P (pool). Since the transition probabilities come from quarterly data, the estimates show how funds
frequent the different states between quarters. For example, if the estimated 𝑝𝐶,𝑁𝑃 transition probability is
1%, it would show that this percentage of the loans is expected to transition from the ‘Current’ state into
‘Nonperforming’ from one quarter to the next. All the unknown probabilities are estimated and the 𝑃𝑁𝑃,𝐶𝑂
transition probability is applied to a bank’s nonperforming loan balance to estimate an expected
allowance for credit loss over the average life of the loan.
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Here, motivations are given for treating the different credit states as a stochastic process able to
be estimated as a first-order Markov chain. Doing so allows for the transition probabilities to be
estimated. Let 𝑆𝑖 (𝑡) denote the percentage balance of loans in the 𝑖th credit state at time 𝑡 for a given
group of banks (Small, Medium, or Large) and given loan segment. Allowing for the incorporation of
time 𝑡 random error, 𝜀𝑗 (𝑡) for state 𝑗, the Markov relation is:
4

𝑆𝑗 (𝑡) = ∑ 𝑆𝑖 (𝑡 − 1)𝑝𝑖𝑗 + 𝜀𝑗 (𝑡), ∀ 𝑡, 𝑗 = 1, … ,4

(2)

𝑖=1

Where, 𝑆𝑗 (𝑡 − 1) is the percentage balance of loans that have transitioned from any of the 𝑖 credit
states into the 𝑗th state at time 𝑡 − 1 for a given group of banks. Similarly, both 𝑖 and 𝑗 are represented by
𝑖 = 1, … ,4 and 𝑗 = 1, … ,4, such that current = 1, nonperforming = 2, charge-off = 3, and pool = 4. This
leaves the transition probability, 𝑝𝑖𝑗 , to be estimated from the data. Additionally, notice the transition
probabilities are not a function of 𝑡, indicating the use of a time homogenous Markov chain, that is,
assuming 𝑝𝑖𝑗 (𝑡) = 𝑝𝑖𝑗 ∀ 𝑡.

4.1b Transition Probability Estimation
Building upon the established Markov relation, a model for the estimation of the transition probabilities
between the credit states is presented. The resulting matrix of estimated transition probabilities is to be
applied to portfolio balances in the current period.
𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑛.

𝑚𝑎𝑥 𝐻(𝐩, 𝐪) = − ∑ ∑ 𝑝𝑖𝑗 ln(𝑝𝑖𝑗 ) − ∑ ∑ ∑ 𝑞𝑗𝑘 (𝑡)
𝑖

𝑠. 𝑡.

𝑗

𝑡

𝑗

(3)

𝑘

5

4

𝑆𝑗 (𝑡) = ∑ 𝑆𝑖 (𝑡 − 1)𝑝𝑖𝑗 + ∑ 𝜀𝑗 (𝑡) ,
𝑖=1

∀ 𝑗 = 1, … ,4

(4)

𝑘=1

5

𝜀𝑗 (𝑡) = ∑ 𝑤𝑘 𝑞𝑗𝑘 (𝑡) ,
𝑘=1

∀ 𝑗 = 1, … , 4

(5)
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4

5

∑ 𝑝𝑖𝑗 = 1, ∀ 𝑖 = 1, … , 4

∑ 𝑞𝑘 = 1

𝑗=1

𝑘=1

𝑝𝑖𝑗 ≥ 0, ∀ 𝑖, 𝑗

𝑞𝑗𝑘 (𝑡) ≥ 0, ∀ 𝑗, 𝑘, 𝑡

∑ 𝜀𝑗 (𝑡) = 0, ∀ 𝑗
𝑡

(6)

(7)

(8)

The objective function 𝐻(𝐩, 𝐪) in (3) shows the maximization of entropy through selection of
transition probabilities 𝑝𝑖𝑗 and error probabilities 𝑞𝑗𝑘 (𝑡). The transition probabilities, 𝑝𝑖𝑗 , are the same as
before. However, error probabilities are represented by 𝑞𝑗𝑘 (𝑡). The intuition behind the maximum
entropy approach provides certain benefits when compared to alternative statistical models. In many
situations the available data can be limited and the sampling model unknown, thus making it difficult to
make predictions for the population. Since little can be said in these situations about the underlying
distribution of the sample data, it makes sense to use a distribution with the largest degree of uncertainty.
Further details and reasoning behind the concept of maximum entropy is provided by Golan (1996, 2018).
Equation (4) is the Markov constraint for the loan balance percentage in each state and quarter. As
mentioned, error term shown in (5) is further defined as the sum-product of parameter support values, 𝑤𝑘 ,
and estimated error probabilities, 𝑞𝑗𝑘 .
Since 𝑆𝑖 are the percentage balances across the 𝑖 states, their values are naturally between zero
and one. Therefore, the errors are bound by the same interval. This means the support parameters for the
random error probabilities, 𝑞𝑗 , must also be within this interval. Lacking any further detail regarding how
the error probabilities should change between the different states, the 𝑤𝑘 parameter support values are
distributed uniformly over a mean zero value (𝑘 = [-1, -0.5, 0, 0.5, 1]).

16
Further restrictions, shown by equations (6)-(8), ensure the residuals are mean zero, all loan states are
estimated, and the estimated probabilities are non-negative.

4.2 Proxy Expected Lifetime Loss Rates
Here, the methods taken to pair the community bank data with available proxy rate data from peers is
examined. Both the peer and community banks are grouped by their largest loan portfolio, and ACL rates
are randomly sampled from estimated beta distributions representing the population of peer bank data.
Alternative distributions could just as easily be estimated to reflect the peer data; for example, both
lognormal and beta distributions produce non-negative values. However, beta distributions are bound by a
[0,1] interval and offer flexible ways to represent outcomes for percentages.
Using the ACL percentage sample mean and variance from groups of peer banks, the values for
two beta distribution shape parameters, alpha (𝑎) and beta (𝑏), can be estimated. Varying these
parameters affects the shape of the probability density function of the distribution, in contrast to scale or
location parameters that stretch or shift it. Considering the parameterization of a beta distribution
illustrates how the 𝑎 and 𝑏 parameters change its shape.

𝐸(𝑋𝑗 ) =

𝑎𝑗
𝑎𝑗 + 𝑏𝑗
(10)

𝑎𝑗 𝑏𝑗
𝜎 2 (𝑋𝑗 ) =
2
(𝑎𝑗 + 𝑏𝑗 ) (𝑎𝑗 + 𝑏𝑗 + 1)

The equations in (10) represent the parameterization, or form, of a beta distribution. Here, 𝐸(𝑋𝑗 )
is the sample mean and 𝜎 2 (𝑋𝑗 ) is the sample variance. In this form, 𝑋𝑗 is observed from a group of peer
banks and represents the ACL rates for the 𝑗th loan segment. The mean and variance are identified for
each sample of peer banks, leaving the two unknown shape parameters to be estimated from the equations
using the method of moments. Let 𝑎̂𝑗 and 𝑏̂𝑗 denote the parameter estimates in the 𝑗th loan segment.
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𝑎̂𝑗 = 𝜇𝑗 (

𝜇𝑗 (1 − 𝜇𝑗 )
− 1)
𝑣𝑗
(11)

𝜇𝑗 (1 − 𝜇𝑗 )
𝑏̂𝑗 = (1 − 𝜇𝑗 ) (
− 1)
𝑣𝑗

In equations (11), 𝜇𝑗 = 𝐸(𝑋𝑗 ) while 𝑣𝑗 = 𝜎 2 (𝑋𝑗 ). Both the sample mean and variance are
necessary for the estimation of the parameters. Once derived, the shape parameters are used to create a
beta distribution describing the population under conditions that are equivalent to the observed sample.
Formation of the distributions allows for the random sampling of ACL rates to be drawn and applied to
banks using SCALE within the greater simulation design.

5 Empirical Application
In this section, the steps of the stochastic simulation model are addressed along with any key analyses,
key assumptions, and implementation of the discussed models. To begin, the following sections of the
SCALE tool are addressed: 1) Loans assessed on an individual basis, 2) application of proxy expected
lifetime loss rates, and 3) accounting for historical losses.

5.1 Assessing Loans on an Individual Basis
The key component of SCALE is the utilization of segment specific proxy rates on a given bank’s
aggregated loan balances. However, financial assets with heterogeneous risk characteristics must be
assessed individually and in accordance with the CECL accounting standard (SCALE Instructions 2021).
In practice, banks would list their specialized or higher-risk loans on the second spreadsheet of the
SCALE tool and derive lifetime loss allowances for each asset individually or as groups of assets.
Implementing the approach detailed in section 4.1, quarterly Call Report data from 2012 to 2021 (40
quarters) is utilized and banks are considered that meet the requirements for SCALE and the previously
mentioned criteria. Doing so leaves 205,971 observations in the sample, this amounts to an average of
5,149 qualifying active banks in each of the 40 quarters. The process of assigning banks to Small,
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Medium, and Large groups within each quarter is repeated. To clarify, these groups are based on total
assets and an individual bank may move between groups over time depending on the fluctuation of their
asset levels. The specific banks that make up each quarterly group are of little importance; the goal is that
they are representative (based on proportionate levels of assets) to the fourth quarter 2021 sample of
banks to be analyzed within the SCALE tool.
Lastly, average quarterly current, nonperforming, and charge-off balances for each loan segment
and group of banks is calculated. This provides 40 quarters of data for the average bank in each group
(referred to as expected loss data). The current, nonperforming, and charge-off balances are viewed as
different states that loan dollars can be in at the end of a given quarter. The average quarterly changes to
the loan balance states are observed and loan dollars are assumed to only leave the system through
maturity, prepayment, or by charging off. Prepayment can cover a wide range of scenarios: For instance,
refinanced loans and loans sold to the secondary market. In both cases, the loan is removed from the
books and prepaid once a new loan is originated or the bank receives payment from the secondary lender.
However, these intricacies are not observed from the data. To provide loan dollars ways to leave the
system via ways other than charging off, an additional ‘Pool’ state is incorporated. The pool state allows
for funds to enter the system and can be seen as the capital an average bank has available to lend in each
period. Each of the four states is expressed relative to a total portfolio balance as percentages that sum to
one. Figure 5 in Appendix A provides a conceptual image illustrating the transition probabilities and
shows the restrictions on the flow of loan dollars between the four states.
To further detail the restrictions on the flow of loan dollars between the four states of credit,
funds from ‘Current’ can transition to ‘Nonperforming’ or ‘Pool’ during the quarter but not into ‘ChargeOff’. Nonperforming loans include nonaccrual assets plus loans 90 day or more past due. It would be
unlikely for a loan to move from current, through nonperforming, then become charged-off all within a
quarter. Similarly, funds in the ‘Pool’ state can transition into ‘Current’ or ‘Nonperforming’.
Additionally, funds beginning in ‘Nonperforming’ can return to ‘Current’ but are allowed to transition to
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any state. This means that funds are assumed to only enter ‘Charge-Off’ through ‘Nonperforming’.
Furthermore, ‘Charge-Off’ is seen as an absorbing state, meaning, once loan dollars are charged-off they
are not recovered. It is possible that charge-offs can be minimized by recoveries in later periods (sale of
collateral after bankruptcy or foreclosure), but the conservative judgement is made to not include
recovery forecasts and treat the ‘Nonperforming’ to ‘Charge-Off’ (𝑝𝑁𝑃,𝐶𝑂 ) transition probability as a total
quarterly expected loss rate.
Shown in Table 3 is an example of the estimated transition probabilities, normalized to no longer
include the ‘Pool’ state. Not all sets of transition probabilities are reported, as they are estimated for each
of the three community bank groups across 12 different loan types. Directly including 36 tables in this
paper would be impractical, however, Appendix A provides all the estimated probabilities for the
interested reader. Table 4 lists all the ‘Nonperforming’ to ‘Charge-off’ probabilities that are directly
necessary for this analysis.
The quarterly transition probabilities shown in Table 3 represent 1-4 Family Residential Real
Estate loans for the Large group of community banks. Very few funds move from the ‘Current’ state into
‘Nonperforming’ within a quarter, an observation that is generally shared across all segments.
Considering funds in the ‘Nonperforming’ state, most are expected to return to ‘Current’ (49.18%) or stay
within ‘Nonperforming’ (47.11%). A small portion of the nonperforming loans are expected to reach the
‘Charge-off’ state, specifically 3.71% for this segment and group of banks. The previously mentioned
restrictions only allow for funds from ‘Nonperforming’ to reach ‘Charge-off’, which is seen as an
absorbing state.
Table 4 offers a comparison of the quarterly ‘Nonperforming’ to ‘Charge-off’ (𝑝𝑁𝑃,𝐶𝑂 ) transition
probabilities across the entire sample of banks. Interestingly, the 𝑝𝑁𝑃,𝐶𝑂 transition probabilities for
Farmland, Commercial Real Estate, 1-4 Family, and Auto loans decrease as bank size increase. For
example, the estimated 𝑝𝑁𝑃,𝐶𝑂 transition probabilities for Farmland loans were largest for Small banks
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(2.33%), followed by Medium (1.80%) and Large (1.67%). While these observations may not represent
statistically significant differences, they may allude a greater underlying trend. Although banks in the
sample have less than $1 billion in assets and are generally considered as smaller community banks, this
aligns with Berger et al. (2005) and suggests evidence of larger, more established banks preferring the
safest credits. Alternatively, differences in operational capability or resources may also be a factor. These
observations may provide questions for future research, which is outside the scope of this analysis.
The estimated quarterly NPL expected charge-off rate is then applied to the nonperforming
balance in the current period and losses are projected for the average life of the loan. The approximate, or
average, lifetimes used for this analysis were derived through discussions with members of the Nebraska
Bankers Association and bank managers (NBA 2022). Approximate loan-life figures from Nebraska
banks may not be an accurate for all banks in the sample, such that banks can experience longer (or
shorter) average loan durations given differences in terms and local economic factors that may impact the
timeliness of debt repayment. However, it is important to note that, for all loan segments, projections
show the full nonperforming balance transitioning to other states prior to the expected completion of the
loan. This suggests that the approximate loan durations used have little impact on the estimated outcome.
The lifetime nonperforming expected loss rate is simply the sum of the original nonperforming balance
that transitioned into charge-off divided by the original nonperforming balance. Calculated for each loan
segment and group of banks, this rate is seen as an average lifetime expected loss rate and is applied to a
given SCALE bank’s nonperforming loan balance in the current period. The derived expected lifetime
loss rates are listed in Table 5.

5.2 Proxy Expected Lifetime Loss Rates
As previously discussed, the key component of SCALE is the utilization of segment specific proxy rates
derived from peer banks reporting CECL allowances on Schedule RI-C of the Call Report. However, no
clear guidance has been issued with SCALE that would provide a consistent selection of peers across all
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banks. Instead, banks must decide appropriately supported ways to select peer rates to apply to their
portfolios (SCALE Instructions 2021).
This study implements a method of sampling allowance rates from peer banks with loan
portfolios similar to a given bank using SCALE. To do this, peer banks are grouped by their largest loan
portfolio segment and express segment-specific ACL amounts as percentages of total loans. Table 6
shows the ACL percentage mean and standard deviation for each group of peer banks. Leveraging the
equations in (11), the estimated parameters, 𝑎̂𝑗 and 𝛽̂𝑗 , are then derived for all loan segments, 𝑗, and used
to produce beta distributions for each group of peer banks. Once a community bank is drawn into
SCALE, the largest loan portfolio is observed, then proxy rates are randomly selected from the respective
ACL distribution of peers.

5.3 Accounting for Bank Historic Losses
The final section of the SCALE tool allows for banks to adjust proxy rates to account for their historic
losses. Following the methods described by the SCALE tool, an individual community bank’s own year
to date net charge-off rate is compared to those of peers between 2007 and 2021. In this instance, the peer
rates are simply the average YTD net charge-off rate from the bank’s respective group (Small, Medium,
or Large) and are shown in Table 7. If a bank’s average net charge-off rate is greater (less) than those
from peers, the total ACL balance will increase (decrease) appropriately. This adjustment is applied to all
loans subjected to the proxy rates, which does not include individually assessed loans.

6 Results
Findings from this analysis are presented in the following ways. First, estimated SCALE ACLs
are compared to bank reported allowances in the following quarter. Second, banks or groups of banks
exhibiting the largest estimated allowances are discussed. Finally, results from this analysis are used to
establish a connection between loan diversification and loss allowances.
Comparing SCALE Estimates to Reported Allowances
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Results from the simulation models are illustrated by Figures 2-4, showing distributions and general
statistics of the estimated ACL rates for the groups of community banks. It is important to note that the
distributions from Figures 1-3 reflect 100,000 simulated observations for each sample of community
banks, 1,276 banks per group (3,828 banks total), whereas the statistics offered in this section reflect the
average observation of each bank still operating as of the first quarter of 2022.
The use of fourth quarter data from 2021 provides estimates for the following period. Therefore,
estimated CECL ACLs are compared to the actual allowance for loan and lease losses (ALLL) that each
bank reported under the ILM in the first quarter of 2022. Recall that the ‘Small’, ‘Medium’, and ‘Large’
groups consisted of 3,828 qualifying community banks, making up the entire sample of data. Call Report
data from the first quarter of 2022 shows that 27 of the observed banks are no longer reporting, limiting
the comparison across the remaining 3,801 banks4.
In theory, the lifetime of a loan should reflect greater risk and therefore yield a greater expected loss rate.
Table 8 shows this is the case for both ‘Medium’ and ‘Large’ groups of banks, on average. However, this
was not true for the ‘Small’ sample of banks. Comparing group averages does not show that, overall, 53%
of banks exhibited SCALE ACL estimates greater than reported ALLL figures. Additionally, the
histogram in Figure 1 provides a more visual depiction of these findings. The fact that allowance levels
between CECL and ILM are this similar may seem problematic, as multiple studies around CECL have
suggested allowance increases up to 30 or more percent under the expected loss methodology (McPhail
and McPhail 2014, Loudis et al. 2021). Regardless, there are a few reasons why this could be the case.
First, guidance around CECL gives banks considerable discretion in how ACLs are estimated.
Banks are incentivized to estimate allowance levels in ways that are advantageous to their business and

4

27 community banks from our Q4 2021 sample are no longer reporting in Q1 2022. Upon further inspection, many
of these banks have been sold and merged with other financial institutions. Therefore, results are compared with the
remaining 3,801 banks.
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provide the most flexibility. If so, the proxy rates sampled from peer banks may be closer to those under
ILM than expected.
Second, banks might be making qualitative adjustments to their ALLL. The SCALE method
allows for banks to consider whether adjustments for qualitative factors are necessary to reflect changes
in business or economic conditions. Since the SCALE method relies on proxy expected lifetime loss rates
from peer banks based on information from the previous reporting period, a lag exists between the proxy
data and the reporting date. This makes qualitative adjustments especially important during times when
the economic environment is rapidly changing. As previously stated, qualitative adjustments are unable to
be made for this analysis without a thorough understanding of local economic conditions and bank
exposure to impacted markets. Therefore, the disconnect between the two rates could be due to the lack of
qualitative adjustments to the ACL estimates and/or the presence of qualitative adjustments to ALLL.
This is important to note when considering ACL estimates for all groups in our sample.
Finally, it could simply be the data leveraged from the Call Reports demonstrate a lower level of
losses across the sample period. If these data do not show a greater number of losses, the SCALE method
will not estimate a higher expected loss rate. Furthermore, increased collateral values may be mitigating
substantial losses. Overall, banks with residential real estate as their largest portfolio exhibited the lowest
average ACL (Table 9). The largest loan portfolio for nearly 38% of the ‘Small’ banks is residential real
estate. Similarly, 30.25% and 23.28% of the ‘Medium’ and ‘Large’ banks reported residential real estate
as their largest portfolio at the end of 2021. The Federal Housing Finance Agency reported that U.S.
house prices rose 18.7% from the first quarter of 2021 to the first quarter of 2022 (FHFA Report, 2022).
This may provide reasoning as to why estimates are lower across the sample of community banks.
Banks Exhibiting Larger Estimated Expected Loss Allowances
Considering banks across all groups, estimates show that overall ACL percentages are greatest for
banks holding a majority of credit card loans (13.34%). This finding is shown in Table 9, and it is
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reflective of the greater level of risk associated with uncollateralized forms of lending. Research from the
American Bankers Association illustrates that, despite the early concerns around inflation, consumer
credit conditions continued to show signs of strength during the fourth quarter of 2021. Their research
shows the number of new credit card accounts rose by 1.4% over the previous quarter and credit lines for
new “subprime” accounts rose for the first time in two years (ABA, 2022). This is important to note, as
the peer data leveraged for this analysis likely reflect a strong consumer credit market, a perception that
may not hold throughout 2022.
Loan Diversification and Lifetime Expected Credit Losses
Entropy is often referred to as the measure of disorder or randomness of a system. In this regard, entropy
can be used to represent the diversification of a given bank based on their portfolio of loans. Higher levels
of entropy indicate a greater diversification across loan segments. If a bank is a monoline and only lends
in one specific segment (e.g., 100% of loans), then entropy will be zero or near zero.
Figure 5 provides a visual comparison between average ACL estimates, entropy, and
nonperforming loans. Moving right along the chart, average ACL and nonperforming loans appear to
show similar increases Many past studies have shown that banks can benefit from greater levels of loan
diversification, although, competing explanations exist around diversification and risk. For the case of
community banks, estimates from Estes (2014) show that greater lending diversification leads to greater
risk adjusted performance. The type of diversification is also important, as there are risks associated with
different types of lending. The revenue volatility associated with some forms of lending can mitigate
benefits gained from diversification, while community banks entering new markets may struggle to
remain competitive (DeYoung and Roland, 2001 and Stiroh, 2004). However, it is difficult to determine
how diversification, or entropy, relates to lifetime expected credit losses from this analysis. More time
and more data are needed to appropriately compare diversification and credit risk.
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7 Conclusion
This paper examines the SCALE tool provided to community banks and estimates potential outcomes
within its framework. Results indicate greater allowances under CECL compared to ILM, albeit smaller
than previous studies would suggest. While the amount of research around CECL has grown in recent
years, no detailed analysis of SCALE exists. The analysis offered by this paper may be helpful to
institutions considering use of SCALE while further adding to the growing body of CECL research.
The goal of CECL is to allow for more timely adjustments to reserves to be made by taking a
broader view on credit risk. The forward-looking nature of the standard is meant to reduce the impact of
recessions by providing banks with reserve levels that adequately cover credit losses. However, results
from this study suggest that allowances increase substantially for certain loan portfolios under CECL
(e.g., credit card loans). Greater allowances can lead to capital constraints, causing banks to reduce
lending in these areas. This could result in an unintended procyclical effect. Similar concerns have been
addressed in previous literature, but this is undoubtedly an area for potential future research.
Overall, results from this analysis may be helpful to institutions considering the use of the
SCALE approach. The shift from incurred to expected lifetime losses can present challenges and
maintaining a system that is consistent and accessible may be difficult. If SCALE accurately depicts a
bank’s credit risk, it can be an effective approach to comply with the upcoming deadline for adopting the
CECL standard.
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Table 1. Community Bank Group Characteristics: Q4 2021 Data
Statistic

Small

Medium

Large

Total Assets

min
mean
max

$3,015,000
$85,813,205
$149,167,000

$149,229,000
$238,165,784
$351,512,000

$351,529,000
$592,550,064
$999,192,000

Total Loan Volume

min
mean
max

$1,501,000
$45,364,027
$123,400,000

$9,671,000
$136,949,423
$313,179,000

$9,495,000
$357,754,994
$875,023,000

YTD Net Interest
Margin

min
mean
max

0.10%
3.14%
30.47%

0.00%
3.25%
23.17%

0.06%
3.27%
17.02%

Nonperforming
Loan Percentage

min
mean
max

0.00%
1.65%
24.59%

0.00%
1.24%
36.26%

0.00%
1.11%
23.47%

General statistics from 3,828 community banks qualifying for the use of the Scaled CECL
Allowance for Loss Estimator (SCALE) tool in Small (1,276), Medium (1,276), and Large (1,276)
groups based on total assets. Fourth quarter 2021 data.
Source: Call Reports available at the Federal Financial Institutions Examination Council database.

29
Table 2. Peer Bank Characteristics: Q4 2021
statistics from Schedule RI-C data
Statistic

Total Assets

min
mean
max

$1,224,396,000
$5,192,586,377
$9,805,742,000

Total Loan
Volume

min
mean
max

$50,940,000
$3,382,634,607
$7,985,483,000

YTD Net
Interest
Margin

min
mean
max

1.54%
3.45%
22.60%

Nonperforming
Loan
Percentage

min
mean
max

0.00%
0.61%
5.41%

General statistics from 122 banks reporting allowances
under CECL. Fourth quarter 2021 data.
Source: Call Reports available at the Federal Financial
Institutions Examination Council database.
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Table 3. Estimated transition probabilities for 'Large’ bank 1-4 Family
Residential loans.

Current
Nonperforming
Charge-off

Current
99.79%
49.18%
0.00%

Nonperforming
0.21%
47.11%
0.00%

Charge-off
0.00%
3.71%
100.00%

Table 4. Community bank 'Nonperforming' to 'Charge-off' quarterly transition probabilities by loan
type and group.

Segment

Loan Type

Small

Medium

Large

Real Estate Construction

Construction Real Estate

4.29%

5.48%

6.02%

Real Estate Commercial

Farmland
Multifamily
Commercial Real Estate

2.33%
5.28%
5.05%

1.80%
5.17%
4.52%

1.67%
5.24%
4.41%

Real Estate Residential

1-4 Family
Home Equity

4.48%
9.15%

4.26%
8.00%

3.71%
8.85%

Commercial

Commercial & Industrial
Farm Production
Lease Financing Receivables

13.75%
8.13%
31.82%

15.00%
10.73%
29.49%

17.01%
8.97%
35.18%

Credit Card

Credit Cards

33.82%

33.74%

34.03%

Auto
Other Individual

66.96%
30.16%

45.07%
39.99%

37.58%
34.58%

Other Consumer
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Table 5. Community Bank Expected Lifetime Loss rates for Nonperforming Loans by type and group.

Segment

Loan Type

Expected Lifetime (years)

Small

Medium

Large

Real Estate Construction

Construction Real Estate

3

15.90%

10.19%

10.80%

Real Estate Commercial

Farmland
Multifamily
Commercial Real Estate

10
10
10

4.35%
9.81%
9.14%

3.40%
9.92%
8.49%

3.14%
9.69%
8.01%

Real Estate Residential

1-4 Family
Home Equity

7
7

8.62%
16.37%

8.17%
15.06%

7.01%
17.05%

Commercial

Commercial & Industrial
Farm Production
Lease Financing Receivables

10
3
10

23.38%
14.46%
48.21%

25.55%
18.87%
44.37%

28.63%
15.87%
51.27%

Credit Card

Credit Cards

2

49.41%

49.86%

49.54%

Auto
Other Individual

5
5

79.60%
44.44%

61.50%
55.82%

53.32%
49.66%

Other Consumer
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Table 6. Peer bank ACL rates grouped by largest loan portfolio: Q4
2021 Averages
Largest Loan Portfolio - Peer Banks
Construction Real
Estate*

Commercial
Real Estate

Residential Real
Estate

Commercial

Credit Card**

Other***

0

72

17

29

1

3

mean

1.79%

2.04%

1.42%

1.29%

1.79%

1.79%

(SD)

(2.26%)

(2.77%)

(0.73%)

(0.62%)

(2.26%)

(2.26%)

Number of Banks

Construction ACL

Commercial Real
Estate ACL

mean

1.29%

1.26%

1.29%

1.42%

1.29%

1.29%

(SD)

(0.45%)

(0.43%)

(0.53%)

(0.44%)

(0.45%)

(0.45%)

Residential Real
Estate ACL

mean

0.96%

0.96%

0.67%

1.14%

0.96%

0.96%

(SD)

(0.65%)

(0.49%)

(0.44%)

(1.03%)

(0.65%)

(0.65%)

mean

1.33%

1.48%

1.19%

0.98%

1.33%

1.33%

(SD)

(0.7%)

(0.71%)

(0.47%)

(0.64%)

(0.7%)

(0.7%)

Commercial ACL

Credit Cards ACL

Other ACL

mean

3.54%

2.70%

2.59%

7.17%

9.12%

3.54%

(SD)

(3.52%)

(2.11%)

(0.09%)

(7.29%)

(7.62%)

(3.52%)

mean

1.89%

1.52%

2.57%

2.30%

1.89%

1.89%

(SD)

(4.1%)

(1.08%)

(3.23%)

(8.05%)

(4.1%)

(4.1%)

*No banks within the sample primarily held “Construction Real Estate” loans. Due to this, all portfolio estimates are substituted with averages from all banks.
**Only one bank holding primarily “Credit Card” loans was observed. Averages from all banks are substituted for all portfolios aside from credit cards. Due to
the higher-risk nature of credit card lending, the credit card ACL comes from the three banks in the sample exhibiting credit card/total loan portfolios of 10% or
greater, showing a more accurate representation of credit card specialized lenders.
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*** Only three banks primarily held "Other" loans. Due to this, all portfolio estimates are substituted with averages from all banks
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Table 7. Community bank holding company level average historic net
charge-off rates, 2007 – 2021, adjustments made in comparison to a bank’s
own historic loss rate.
Year

Small

Medium

Large

2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
Avg.

0.3526%
0.4525%
0.7954%
0.6839%
0.5473%
0.4100%
0.3542%
0.2847%
0.2321%
0.2440%
0.2635%
0.2110%
0.2249%
0.1807%
0.1200%
0.3571%

0.2596%
0.5013%
0.9379%
0.8798%
0.6991%
0.5501%
0.3782%
0.2727%
0.2094%
0.2006%
0.2005%
0.1554%
0.1659%
0.1391%
0.0923%
0.3761%

0.2353%
0.5997%
1.1237%
1.0351%
0.8506%
0.5984%
0.3683%
0.2641%
0.1953%
0.1732%
0.1749%
0.1624%
0.1712%
0.1973%
0.2390%
0.4259%

Source: Call Reports available at the Federal Financial Institutions Examination
Council database.
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Table 8. Comparison of Reported Q1 2022 ALLL and Estimated ACL percentages
Count of Banks

Statistic

ACL% (Estimated)

ALLL% (Reported)

1263

min
mean
max

0.57%
1.31%
4.34%

0.00%
1.56%
19.24%

Medium

1271

min
mean
max

0.62%
1.50%
9.82%

0.00%
1.44%
12.20%

Large

1267

min
mean
max

-0.13%
1.56%
22.46%

0.00%
1.42%
13.03%

Small

Comparison of Allowance for Credit Loss (ACL) estimates and bank reported Allowance for Loan
and Lease Losses (ALLL).
Source: Reported ALLL figures from Call Reports available at the Federal Financial Institutions
Examination Council database.
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Table 9. Estimated ACL percentages of all banks grouped by largest loan
portfolio.
Largest Loan Portfolio
Credit Cards
Other
Construction Real Estate
Commercial Real Estate
Commercial
Residential Real Estate

Count of Banks
5
44
16
2023
574
1166

SCALE ACL %
13.34%
1.93%
1.88%
1.58%
1.37%
1.22%
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Figure 1. Histogram: Comparison of SCALE ACL and ALLL
Bank Percentages
3000

Count of Banks

2500
2000
1500
1000
500
0
0.30% - 1.00% - 1.65% - 2.30% - 3.00% - 3.65% - 4.30% - 5.00% - 5.65% - 6.30% - Greater
1.00%
1.65%
2.30%
3.00%
3.65%
4.30%
5.00%
5.65%
6.30%
7.00%
than
7.00%
SCALE ACL

ALLL

Comparison of Allowance for Credit Loss (ACL) estimates and bank reported Allowance for Loan
and Lease Losses (ALLL).
Source: Reported ALLL figures from Call Reports available at the Federal Financial Institutions
Examination Council database.
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Figure 5. Loan Risk and Diversification
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Comparison of bank Allowance for Credit Loss (ACL) estimates, loan portfolio entropy, and
nonperforming loans (NPLs).
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1 Introduction
Current Expected Credit Losses (CECL) is a new expected credit loss accounting standard that was first
introduced by the Financial Accounting Standards Board in 2016. Since its release, CECL
implementation has been slow, facing further delays due to economic policy in response to COVID-19.
This new method is meant to replace the current Incurred Loss Method (ILM), which faced scrutiny in the
wake of the 2008 financial crisis. Under the ILM, financial institutions were required to estimate an
allowance for loan and lease losses (ALLL). The ILM considers the past performance of assets and
typically requires institutions to incur a loss prior to increasing loss allowances. The recognition of credit
losses from this method was seen as doing “too little, too late” and did not allow for a timely adjustment
to reserve levels (Federal Reserve Letter SR 19-8). As a result, the CECL standard was created to allow
for a more forward-looking view when determining an allowance for credit loss (ACL). Currently, all
institutions whose financial reports conform to Generally Accepted Accounting Principles (GAAP) will
be required to implement the standard by January of 2023. Numerous banks have decided to implement
CECL already, but Farm Credit System (FCS) institutions will delay adoption of the standard until the
2023 deadline (Farm Credit Administration 2022). Previous studies around CECL have suggested
allowance increases up to 30 or more percent under the new standard (McPhail and McPhail 2014, Loudis
et al. 2021). While this may be likely for some, implications of the expected loss approach are not clear
for the FCS institutions until the rule is implemented.
Decreasing the delays in credit loss recognition is expected to increase the stability of financial
institutions, while providing a more complete view of credit risk to investors and regulators alike.
Optimally, CECL would be countercyclical in nature by limiting lending during periods of increased
economic growth – raising reserves appropriately with the level of lending – and maintaining lending
abilities during downturns. However, many have argued that CECL can have the opposite effect in certain
instances. Research from Wagner (2019) suggests that CECL requires greater upfront costs, especially for
longer-term loans. Greater upfront costs, in the form of larger loss allowances recognized at origination,
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may force lending institutions to deleverage more in times of economic distress. While CECL requires
lending institutions to recognize expected losses immediately, earnings or revenue are not recognized
early. Larger costs can lead to decreased earnings, and this suggests that an institution’s reported financial
metrics may not incorporate all available information. The type of lending services provided by Farm
Credit associations are inherently different from many banks. While agricultural lending, specifically
agricultural real estate loans, have historically shown relatively low losses, the longer maturities of these
products could require greater upfront allowances.
The SCALE tool is one method that smaller community banks can use to help with the upcoming
CECL transition. Using quarterly loan data, the SCALE tool provides a snapshot of the loans a given
bank has at a given point in time. In this instance, the SCALE tool makes estimates for the following
period from currently observed amounts. Adjustments to the SCALE approach must be made for its use
on Farm Credit institutions. These adjustments, along with their motivations and any necessary
assumptions, are described in a later section of the paper.
There are many acceptable methods to estimating allowance under CECL, and the Farm Credit
institutions will likely implement a more detailed approach. However, a variation of the SCALE method
could be an easy tool to estimate the potential outcomes ahead of CECL implementation. The objective of
this study is to utilize a variation of SCALE to estimate an ACL for Farm Credit Services of America
(FCSA), an Agricultural Credit Association (ACA) within the Farm Credit System. Using ACA level Call
Report data, a stochastic simulation model of SCALE for FCSA is developed.
To date, there are no academic studies considering outcomes using the SCALE tool and research
around CECL implications for Farm Credit institutions are minimal. Results from this study illustrate how
allowance levels for FCSA may change under the expected loss standard, while providing further research
into the topic of expected credit losses.
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This chapter is organized as follows: In section 2, potential issues surrounding the SCALE model
are discussed. Section 3 provides a brief description of the data used, followed by an explanation of the
empirical models developed for the analysis in section 4. The paper continues in section 5 by detailing the
application of the empirical models, further describing how the data is leveraged and motivations for any
necessary assumptions. Section 6 presents important findings with a discussion of potential outcomes
Farm Credit ACAs may expect when implementing the CECL standard.

2 Potential Issues Applying SCALE to the Farm Credit System
Created for community banks, the SCALE tool provides an easier way to estimate allowance levels that
align with the CECL standard. This presents certain challenges when leveraging the SCALE tool for use
on a Farm Credit association.
First, the SCALE tool suggests that community banks derive proxy expected loss rates, coming from
larger peer banks already reporting CECL allowances, for application on their portfolios of loans. It
would be inappropriate to use proxy rates from banks when implementing this approach for FCSA due to
the nature of the Farm Credit System and differences in loan portfolio characteristics. Therefore, another
set of proxy rates are required. In future sections of this paper, this research provides a method for
estimating expected loss rates from a group of peer Farm Credit institutions. These expected loss rates
rely on historical data and represent the most probable set of future losses given past experience. In this
regard, they should be viewed as more baselines that can benefit from further adjustments taken by
SCALE.
Second, guidance issued with SCALE suggests that adjustments for historical and qualitative factors
should be used to better reflect an institution’s credit risk. This analysis utilizes the framework provided
by SCALE to make historical adjustments, but adjustments for qualitative factors are not implemented.
The available data for this research do not allow for an accurate and consistent way to observe the
intricacies needed for institution level qualitative adjustments. An individual bank or ACA would be
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better suited to make such adjustments, however, allowing a method for qualitative adjustments provides
institutions considerable discretion in the final estimation of their allowances. It may be difficult for an
institution using SCALE to determine what, if any, qualitative adjustments have been made to the proxy
rates. While this is a valid concern, proxy expected loss rates are to be estimated specifically for this
research and no qualitative adjustments are to be made.

3 Data
The Farm Credit system is made up of four banks which provide funding to the ACAs. Three of the banks
are organized as Farm Credit Banks (FCBs). The other bank, CoBank, is organized as an Agricultural
Credit Bank (ACB). This gives CoBank the same authority as the FCBs but also the ability to act as a
lender, like an ACA. AgriBank, an FCB, provides funding to 13 ACAs including Farm Credit Services of
America.
Quarterly loan balance data for FCSA and the remaining 12 AgriBank ACAs are obtained from
2007-2021 financial reports available at the Farm Credit Administration database. Doing so provides 60
quarters of data for each ACA aside for AgCountry Farm Credit Services and Compeer Financial, both of
which undertook mergers effective in the second quarter of 20175. Therefore, only 18 quarters of data are
leveraged from these two ACAs. Table 1 shows general statistics for the AgriBank ACAs from the fourth
quarter of 2021.
As observed in Table 1, the total loan volume of FCSA is larger than nine of the smallest
AgriBank ACAs combined. While this may raise concerns when utilizing the remaining AgriBank ACAs
as peers, the Farm Credit associations should not be considered in the same way as a group of

5

Two sets of mergers for ACAs were approved by the Farm Credit Administration and effective as of July 1, 2017.
Badgerland Financial and 1st Farm Credit Services were merged to create Compeer Financial, while United FCS
merged into AgCountry FCSA. two sets of mergers of ACAs. < https://www.fca.gov/>
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disassociated banks. Rather, the loan characteristics within each are likely more comparable across
associations due to the type of lending provided through the FCS.
Furthermore, nonperforming loans, expressed as a percentage of total loans, are significantly low across
all associations. This can be attributed to the nature of agricultural lending and the underlying collateral
values. This is reinforced by research from Yan and Barry 2006, where they consider farm real estate
loans and the probability of full recovery given default. Their results indicate that farmland pledged as
collateral covers the outstanding loan balance with relatively high probability.

4 Model Design
While the SCALE approach is designed for use by community banks, this analysis utilizes the SCALE
framework and implements alternative methods for its application for Farm Credit associations. To
appropriately estimate outcomes using SCALE, a stochastic simulation model is developed that utilizes
four quarter data from FCSA and randomly generated ACLs from their AgriBank peers. The model
simulates 10,000 potential outcomes and a distribution of ACL estimates for FCSA is generated. Many of
the procedures implemented addressing each part of the SCALE tool can be described simply and will be
covered in a later section of the paper. However, more complex econometric models were developed to
address the following areas:
1) Individually assessed loans - estimating a lifetime expected loss rate for assets with dissimilar risks by
establishing a framework showing how nonperforming loans transition to charge-off,
2) Proxy expected lifetime loss rates - establishing a process to estimate and sample expected loss rates
from peers within the greater simulation design.
In this section, the motivations for each process are explained and the models are illustrated in further
detail.

4.1 Individually Assessed Loans
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4.1a Loan States
Each Farm Credit association has an internal risk rating system, which may likely be comparable
to some degree across institutions. Observing loan level data, or internal risk metrics, would make
estimating expected credit losses for specialized or higher-risk loans much easier. However, such
information is not available for this study, rather, financial reports from the Farm Credit Administration
provide a snapshot of an association’s end of quarter aggregate loan balances at different states of credit
(current, 90+ days past due, restructured, nonaccrual, charge-off, etc.). To address this, nonperforming
loan (NPL) balances are used to represent FCSA’s exposure to higher-risk assets and the movement of
loan dollars between the different states of credit are modeled.
Following methods illustrated by Stokes and Gloy (2007), the objective is to derive segment-specific
transition probabilities for FCSA that show how loan dollars frequent the different credit states (Current,
Nonperforming, and Charge-off). Additionally, a ‘Pool’ state is incorporated to represent the maturity of
currently held loans or the origination of new loans, motivations for which are covered in a later section.
The transition probabilities are organized by a matrix, 𝐏, defined by the four different states of credit and
represented as:
𝑝𝐶,𝐶
𝑝𝑁𝑃,𝐶
𝐏 = [𝑝
𝐶𝑂,𝐶
𝑝𝑃,𝐶

𝑝𝐶,𝑁𝑃
𝑝𝑁𝑃,𝑁𝑃
𝑝𝐶𝑂,𝑁𝑃
𝑝𝑃,𝑁𝑃

𝑝𝐶,𝐶𝑂
𝑝𝑁𝑃,𝐶𝑂
𝑝𝐶𝑂,𝐶𝑂
𝑝𝑃,𝐶𝑂

𝑝𝐶,𝑃
𝑝𝑁𝑃,𝑃
𝑝𝐶𝑂,𝑃 ]
𝑝𝑃,𝑃

(1)

The subscripts in (1) are defined as follows: C (current), NP (nonperforming), CO (charge-off),
and P (pool). Since the transition probabilities come from quarterly data, the estimates show how funds
frequent the different states between quarters. For example, if the estimated 𝑝𝐶,𝑁𝑃 transition probability is
1%, it would show that this percentage of the loans is expected to transition from the ‘Current’ state into
‘Nonperforming’ from one quarter to the next. All the unknown probabilities are estimated and the 𝑃𝑁𝑃,𝐶𝑂
transition probability is applied to FCSA’s nonperforming loan balance to estimate an expected allowance
for credit loss over the average life of the loan
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To estimate the transition probabilities shown above, the different states of credit are treated as a
first-order Markov chain able to be estimated as a stochastic process. Motivations for which will be
discussed further. Let 𝑥𝑖 (𝑡) denote the percentage balance of loans FCSA has for a given segment (e.g.
Agribusiness) in the 𝑖th state (e.g. Nonperforming) at time 𝑡. Allowing for the incorporation of random
error, 𝜀𝑗 (𝑡). The Markov relation is:
4

𝑆𝑗 (𝑡) = ∑ 𝑆𝑖 (𝑡 − 1)𝑝𝑖𝑗 + 𝜀𝑗 (𝑡), ∀ 𝑡, 𝑗 = 1,4

(2)

𝑖=1

Here, 𝑆𝑗 (𝑡) is the percentage balance of loans that have transitioned from any of the 𝑖 credit states
into the 𝑗th state at time 𝑡 for FCSA. Similarly, both 𝑖 and 𝑗 are represented by 𝑖 = 1, … ,4 and 𝑗 = 1, … ,4,
such that current = 1, nonperforming = 2, charge-off = 3, and pool = 4. This leaves the transition
probability, 𝑝𝑖𝑗 , to be estimated from the data. Additionally, notice the transition probabilities are not a
function of 𝑡, indicating the use of a time homogenous Markov chain, that is, assuming 𝑝𝑖𝑗 (𝑡) = 𝑝𝑖𝑗 ∀ 𝑡.

4.1b Transition Probability Model
Building upon the established Markov relation, a model for the estimation of the transition probabilities
through the maximization of entropy is presented. The intuition behind the maximum entropy approach
provides certain benefits when compared to alternative statistical models. In many situations the available
data can be limited and the sampling model unknown, thus making it difficult to make predictions for the
population. Since little can be said in these situations about the underlying distribution of the sample data,
it makes sense to use a distribution with the largest degree of uncertainty. Further details and reasoning
behind the concept of maximum entropy is provided by Golan (1996, 2018).

𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑛.

𝑚𝑎𝑥 𝐻(𝐩, 𝐪) = − ∑ ∑ 𝑝𝑖𝑗 ln(𝑝𝑖𝑗 ) − ∑ ∑ ∑ 𝑞𝑗𝑘 (𝑡)
𝑖

𝑗

𝑡

𝑗

𝑘

(3)
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4

𝑠. 𝑡.

𝑆𝑗 (𝑡) = ∑ 𝑆𝑖 (𝑡 − 1)𝑝𝑖𝑗 + ∑ 𝜀𝑗 (𝑡) ,
𝑖=1

∀ 𝑗 = 1, … ,4

(4)

𝑘=1

5

𝜀𝑗 (𝑡) = ∑ 𝑤𝑘 𝑞𝑗𝑘 (𝑡) ,

∀ 𝑗 = 1, … , 4

(5)

𝑘=1

4

5

∑ 𝑝𝑖𝑗 = 1, ∀ 𝑖 = 1, … , 4

∑ 𝑞𝑘 = 1

𝑗=1

𝑘=1

𝑝𝑖𝑗 ≥ 0, ∀ 𝑖, 𝑗

𝑞𝑗𝑘 (𝑡) ≥ 0, ∀ 𝑗, 𝑘, 𝑡

∑ 𝜀𝑗 (𝑡) = 0, ∀ 𝑗
𝑡

(6)

(7)

(8)

The objective function 𝐻(𝐩, 𝐪) in (3) shows the maximization of entropy through selection of
probabilities 𝑝𝑖𝑗 and 𝑞𝑗𝑘 (𝑡). Equation (4) is the Markov constraint for the loan balance percentage in each
state and quarter. The transition probabilities, 𝑝𝑖𝑗 , are the same as before. However, the error term in (5) is
further defined as the sum-product of parameter support values, 𝑤𝑘 , and estimated error probabilities, 𝑞𝑗𝑘 .
Since 𝑆𝑖 are the percentage balances across the 𝑖 states, their values are naturally between zero and one.
Therefore, the errors are bound by the same interval. This means the support parameters for the random
error probabilities, 𝑞𝑗 , must also be within this interval. Lacking any further detail regarding how the
error probabilities should change between the different states, the 𝑤𝑘 parameter support values are
distributed uniformly over a mean zero value (𝑘 = [-1, -0.5, 0, 0.5, 1]).
Further restrictions, shown by equations (6)-(8), ensure the residuals are mean zero, all loan states are
estimated, and the estimated probabilities are non-negative.
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4.2 Proxy Expected Lifetime Loss Rates
Here, motivations for calculating lifetime expected credit losses from AgriBank peers are discussed. The
model previously leveraged to estimate FCSA nonperforming loans is applied on the sample of AgriBank
peer data and movements between all credit states are forecasted. One may suggest that if this analysis
presents an appropriate way to estimate ACLs for the AgriBank peers, then utilizing the SCALE approach
for FCSA to accomplish the same goal appears unnecessary. This is not an unreasonable thought, as the
process implemented for the peer associations could just as easily be performed using data from FCSA.
While this method does provide a means of estimating an expected lifetime loss rate from a given
institution’s data, it does not provide a way to directly incorporate outside information. In this regard, the
expected loss rates derived from this method can be viewed as approximate estimations that can benefit
from further adjustment. The implementation of a stochastic simulation model, paired with other
adjustments from SCALE, can help provide a more complete representation of expected credit losses for
FCSA.
Using equations (3)-(8), transition probabilities are estimated for each peer ACA and loan segment. The
method of forecasting losses changes slightly, as the movement of loan funds throughout the entire
system are projected. The details of which are provided in a later section of this paper.
Once the proxy rates are derived from the peers, they are sampled randomly from estimated beta
distributions and applied to FCSA loan data throughout the simulation design. Alternative distributions
could just as easily be estimated to reflect the peer data; for example, both lognormal and beta
distributions produce non-negative values. However, beta distributions are bound by a [0,1] interval and
offer flexible ways to represent outcomes for percentages.
Using the ACL percentage sample mean and variance from the peer associations, alpha (𝑎) and
beta (𝑏) shape parameters can be derived. Varying these parameters affect the shape of the probability
density function of the distribution, in contrast to scale or location parameters that stretch or shift it.
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Considering the parameterization of a beta distribution illustrates how the 𝑎 and 𝑏 parameters change its
shape.

𝐸(𝑋𝑗 ) =

𝑎𝑗
𝑎𝑗 + 𝑏𝑗
(10)

𝑎𝑗 𝑏𝑗
𝜎 2 (𝑋𝑗 ) =
(𝑎𝑗 + 𝑏𝑗 )2 (𝑎𝑗 + 𝑏𝑗 + 1)
The equations in (10) represent the parameterization, or form, of a beta distribution. Here, 𝐸(𝑋𝑗 ) is the
sample mean and 𝜎 2 (𝑋𝑗 ) is the sample variance. In this form, 𝑋𝑗 is observed from the group of peer
ACAs and represents the ACL rates for the 𝑗th loan segment. The mean and variance are identified for
each sample of peer banks, leaving the two unknown shape parameters to be estimated from the
equations.
The method of moments allows for 𝑎 and 𝑏 to be estimated from the sample of data. Once
derived, the shape parameters are used to create a beta distribution describing the population under
conditions that are equivalent to the observed sample. The sample data are segment-specific peer ACA
loss allowances expressed as percentages of total loans. Let 𝑎̂𝑗 and 𝛽̂𝑗 denote the parameter estimates in
the 𝑗th loan segment.

𝑎̂𝑗 = 𝜇𝑗 (

𝜇𝑗 (1 − 𝜇𝑗 )
− 1)
𝑣𝑗
(11)

𝑏̂𝑗 = (1 − 𝜇𝑗 ) (

𝜇𝑗 (1 − 𝜇𝑗 )
− 1)
𝑣𝑗

In equations (11), 𝜇𝑗 = 𝐸(𝑋𝑗 ) while 𝑣𝑗 = 𝜎 2 (𝑋𝑗 ). Both the sample mean and variance are
necessary for the estimation of the parameters. The parameters are used to model beta distributions which
represent ACL percentages in a given segment for the population of peers. Formation of the distributions
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allows for the random sampling of ACL rates to be drawn and applied to FCSA within the greater
simulation design.

5 Empirical Application
In this section, the steps of the stochastic simulation model are addressed along with any key analyses,
key assumptions, and implementation of the discussed models. To begin, the following sections of the
SCALE tool are addressed: 1) Loans assessed on an individual basis, 2) application of proxy expected
lifetime loss rates, and 3) accounting for historical losses.

5.1 Assessing Loans on an Individual Basis
Loans that do not share risk characteristics with other financial assets must be assessed on an individual
basis and in accordance with the CECL standard (SCALE Instructions 2021). In practice, banks using
SCALE would determine their specialized or higher-risk loans and derive ACLs for each asset. Here, the
nonperforming loan (NPL) balances are used to represent FCSA’s exposure to higher-risk assets. Using
quarterly FCSA data between 2007-2021, historical loan balances are observed across six aggregated
segments6 (Agricultural Real Estate, Production, Agribusiness, Utilities, Residential, and Other).
Implementing the model shown through equations (2)-(4), the current, nonperforming, and charge-off
balances are viewed as different states that loan dollars can be in at the end of a given quarter. Loan
dollars are assumed to only leave the system through maturity, prepayment, or by reaching charge-off.
Prepayment can cover a wide range of scenarios, such as, refinanced loans and loans sold to the
secondary market. In either case, the loan is removed from the books and prepaid once a new loan is
originated or payment is received from the secondary lender. However, these details are not observed
through Call Report data. Under these assumptions, an additional pool state is incorporated. The ‘Pool’
state provides a means for loan dollars to leave the system in ways other than reaching charge-off.

6

There are 13 categories of loans reported to the FCA on Schedule RC.1 which are then consolidated into the six
loan segment groups. Agricultural Real Estate (Real Estate Mortgage), Production (Production and intermediate
term), Agribusiness (Processing & Marketing, Cooperatives, Farm Related business), Utility (Communication,
Energy, Water/waste disposal), Residential (Rural residential real estate), Other (International, Lease receivables,
Direct loans to associations, Discounted loans to OFIs).
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Additionally, this state allows funds to enter the system and can be interpreted as the estimated level of
capital FCSA has available to lend in each segment and quarter. Each of the credit states are expressed as
percentages relative to the portfolio balance and sum to one. Figure 5 in Appendix A provides a
conceptual image showing the transition probabilities and the restrictions between the four states of
credit.
To further detail the restrictions on the flow of loan dollars between the four states of credit, funds from
‘Current’ can transition to ‘Nonperforming’ or ‘Pool’ during the quarter but not into ‘Charge-Off’.
Nonperforming loans include nonaccrual assets plus loans 90 day or more past due. It would be unlikely
for a loan to move from current, through nonperforming, then become charged-off all within a quarter.
Similarly, funds in the ‘Pool’ state can transition into ‘Current’ or ‘Nonperforming’. Additionally, funds
beginning in ‘Nonperforming’ can return to ‘Current’ but are allowed to transition to any state. This
means that funds are assumed to only enter ‘Charge-Off’ through ‘Nonperforming’. Furthermore,
‘Charge-Off’ is seen as an absorbing state, meaning, once loan dollars are charged-off they are not
recovered. It is possible that charge-offs can be minimized by recoveries in later periods (sale of collateral
after bankruptcy or foreclosure), but the conservative judgement is made to not include recovery forecasts
and treat the ‘Nonperforming’ to ‘Charge-Off’ transition probability as a total quarterly expected loss
rate. Tables 2-7 show the estimated quarterly transition probabilities, normalized to no longer include the
‘Pool’ state, for each of the six aggregated loan segments.
Then, the ‘Nonperforming’ to ‘Charge-off’ transition probability is applied to the nonperforming
balance in the current period and losses are projected for future quarters over the average life of the loan.
Average loan-life estimates come from conversations with members of the Nebraska Bankers Association
and bank managers (NBA 2022). Approximate loan-life figures from Nebraska banks may not be directly
comparable to Farm Credit System institutions. Lending institutions may experience different average
loan durations given different terms and economic factors that might impact the timeliness of debt
repayment. Even so, it is important to note that for all loan segments, forecasts show the original
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nonperforming loan balance fully transitioning to other credit states prior to the assumed maturity of the
loan. This suggests that the approximate loan durations used have little impact on the estimated outcome.
To derive the nonperforming expected lifetime loss rate, the sum of the nonperforming balance that
transitioned into charge-off is divided by the original balance of nonperforming loans. Calculated for each
of the six aggregate FCSA loan segments, this rate is applied to FCSA’s nonperforming loan balance in
the current period to show the expected lifetime losses for each segment of loans. The derived expected
lifetime loss rates for FCSA are listed in Table 8.

5.2 Proxy Expected Lifetime Loss Rates
As stated previously, the key method of SCALE is the use of proxy expected lifetime loss rates from
peers. However, the Farm Credit system institutions have elected to delay CECL implementation until
2023. Rather than using proxy rates from larger banks reporting CECL allowances, a method is
established for deriving lifetime expected loss rates from the 12 remaining AgriBank ACAs. The rates
derived from the peer associations are used as proxies and applied to the current loan balances reported by
FCSA. The estimated expected lifetime loss rates should be viewed as baselines that are further adjusted
for FCSA’s specific risk characteristics through the application of SCALE.
First, the methods described by equations (3)-(8), originally used for modeling FCSA’s
nonperforming loan data, are implemented to derive transition probabilities for each loan segment and
peer association. Now, both the ‘Current’ to ‘Nonperforming’ (𝑃𝐶,𝑁𝑃 ) and ‘Nonperforming’ to ‘Chargeoff’ (𝑃𝑁𝑃,𝐶𝑂 ) quarterly transition probabilities are used to forecast the movements of all funds potentially
reaching charge-off, not just the nonperforming loans as before. Doing so allows for expected losses to be
projected over the approximate lifetime of each loan segment.
Given 12 ACAs, each with six loan segments, it is not practical to present the full results from the
estimation. To illustrate a set of expected loss rates, averages from the group of AgriBank peers are
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illustrated in Table 9. These loss rates are to be used as proxies and applied to FCSA’s loan balances in
the current period.
Next, equations (11) are leveraged to estimate the 𝑎̂𝑗 and 𝑏̂𝑗 parameters for all 𝑗 loan segments.
The parameters are used to model beta distributions which represent proxy ACL percentages in each
segment for the population of AgriBank ACAs. The stochastic simulation design allows for the proxy
rates to be randomly selected from the beta distributions and applied to FCSA’s loan data within the
SCALE tool.

5.3 Accounting for Historic Losses
In addition to qualitative factors, the SCALE method suggests that proxy rates can be adjusted for
historical losses to depict an individual bank’s credit risk more accurately (Federal Reserve SR Report
2021). They propose adjusting for historical net charge-offs, relative to a group of peer banks, can
accomplish this. To adapt this for the application of Farm Credit associations, the average YTD net
charge-off rates are found from the group of AgriBank peers. The comparison in actual loss rates between
FCSA and the average AgriBank peer is made for years 2007-2021 (Table 10). If FCSA’s average net
charge-off rate is greater (less) than those from peers, the total ACL balance will increase (decrease)
appropriately. This adjustment is applied to all loans subjected to the proxy rates, which does not include
individually assessed loans.

6 Results
Findings from this analysis are presented in the following two ways: First, ACL estimates from FCSA are
compared to actual allowances reported by FCSA in the following quarter. Second, the impacts that future
economic perceptions have on expected loss rates, and what they mean for this analysis, are discussed.
Comparing SCALE Estimates to Reported Allowances
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The use of fourth quarter data from 2021 provides estimates for the following period. Therefore,
estimated CECL ACLs are compared to the actual allowance for loan and lease losses (ALLL) that FCSA
reported under the ILM in the first quarter of 2022.
In theory, the lifetime of a loan should reflect greater risk and therefore yield a greater expected
loss rate. Table 11 shows this is the case when comparing average outcomes using SCALE to reported
allowances by FCSA under the current method.
Recall that outcomes were simulated over 10,000 trials. Each trial, a new group of proxy lifetime
expected loss rates was sampled and applied to FCSA’s loan data. Figure 1 shows results from the
simulation along with general statistics. The ACL percentage shown in Table 11 reflects the average of all
observed outcomes and can be compared to the reported ALLL. Estimated CECL allowances are shown
to be over twice as large as those reported under the former ILM. This is greater than the 30-50 percent
increase suggested by multiple previous studies (McPhail and McPhail 2014, Loudis et al. 2021). There
are a few reasons that could lead to differences between the two allowance levels.
First, adjustments for qualitative factors could be contributing to disparities between the
estimated ACL and the reported ALLL figures. The SCALE tool allows for the use of qualitative
adjustments to capture any information not incorporated by the proxy expected lifetime loss rates
(SCALE Instructions 2021). While the estimated proxy rates used for this analysis provide a
representation of expected lifetime losses, they are not founded on individual borrower characteristics,
risks, or perceptions of the future economic environment. In this regard, the proxy rates themselves may
not be including all forms of available information. Research by Sherrick et al. (2000) suggests that
agricultural lenders usually do not hold random portfolios of loans, therefore, the financial performance of
farms in the same geographic location can be highly correlated. In the case of agricultural real estate
loans, debt serviceability is often reliant on the financial performance of the underlying collateral. These
points illustrate why the proxy rates could benefit from the incorporation of other institution-specific
factors.
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Furthermore, financial institutions are given considerable discretion when estimating allowances
under either the ILM or CECL. Institutions are incentivized to estimate allowance levels in ways that are
advantageous to their business or provide the most flexibility. If so, disparities between the two rates
could be due to the lack of qualitative adjustments to the ACL estimates and/or the presence of qualitative
adjustments to ALLL.
Changes in Economic Environment from Q4 2021 to Q2 2022
To further consider differences between estimated ACL and reported ALLL figures, it is
important to consider changes in the overall economic environment between the reporting periods. A
publication from the Federal Reserve Bank of Kansas City shows that, for the first quarter of 2022, high
commodity prices have supported farm incomes and improved credit conditions. Additionally, they state
that farm real estate markets have remained strong but reduced profit margins and higher interest rates
could limit future gains (Kauffman and Kreitman 2022). If the outlook for the agriculture sector remains
strong, then expected credit losses could be lower than the estimates suggest. Additional research from
the Federal Reserve Bank of Kansas City addresses loan demand though a study of agriculture bank Net
Income Margins (NIMs). This research shows that farm income and agricultural lending are negatively
associated, showing that demand for loans decline when farm operators have more income and can
finance their operations with cash. They further illustrate that agriculture banks benefit from periods of
higher loan demand due to decreased farm income. When farm income is high and demand for loans
decrease, bank Net Income Margins (NIMs) are likely to fall (Scott 2022).
Using Call Report data from the Farm Credit Administration, Table 12 shows that NIM for FCSA
declined in the first quarter of 2022. While the funding sources between commercial banks and the Farm
Credit associations are significantly different, this could allude to a slowing demand for loans. Initial
2022 forecasts released by the U.S. Department of Agriculture expect net farm income to decline by 4.5%
due to increased production expenses and lower direct government payments. Even with the lower
forecasts, net farm income for 2022 is expected to be the third highest behind 2013 and 2021 (USDA-
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ERS 2022). Overall, this can speak to the importance of adjusting expected credit losses to reflect current
and future economic forecasts, something that the derived proxy expected lifetime loss rates used in this
analysis might not fully incorporate.
Previous studies around CECL have suggested allowance increases of 30 percent or more
(McPhail and McPhail 2014, Loudis et al. 2021), however, this may not be likely for FCSA. Historically,
FCSA has shown a very low probability of default across their portfolios and have taken minimal losses.
The nature of agricultural lending, quality of credit, and risk management strategies pursued by FCSA
make losses difficult to forecast. Even when considering the lifetime of each loan, expected credit losses
may not change in a substantial way.

7 Conclusion
This paper examines the SCALE tool, originally provided for community banks, and leverages its
methods for the application of Farm Credit System institutions. While the SCALE tool is not intended for
such use, the methods suggested by its approach present acceptable techniques for estimating CECL
allowances. Results indicate greater allowances for FCSA under CECL compared to the current ILM.
While these results align with general expectations associated with CECL, including additional data to
account for institutions specific factors would increase the comparability of these estimates. The
importance of utilizing all available information remains paramount for institutions maintaining the
CECL standard. This observation is important when considering the procedures estimating the proxy
expected lifetime loss rates.
The estimated proxy rates, calculated for each AgriBank peer, did not consider any adjustments to
account for economic forecasts, current trends, or institution-specific perceptions over time. The proxy
rates are simply an expected loss rate, just not the kind specifically derived under a full CECL model.
When applied in its traditional sense, the SCALE tool is used by a community bank which leverages data
from larger banks reporting CECL allowances. In this case, allowances reported by the larger banks
indirectly contain adjustments for current conditions, future economic forecasts, and institution specific
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risks. Alternatively, the proxy rates estimated from the AgriBank peers do not contain any subjective
adjustments, instead, the derived rates rely solely on the historical losses of the peer ACAs to describe the
most likely outcome. The distinction between the two is small, but the differences could be important for
such an analysis. In this regard, the utilization of a different set of proxy rates reflecting a more
comprehensive set of expectations could be favorable.
Overall, the results from this study provide an analysis of the SCALE approach and contribute to the
growing body of CECL research more broadly. Furthermore, studies around the implications of CECL for
the Farm Credit System have been minimal, and this research provides a further discussion of potential
outcomes in this area.
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Table 1. AgriBank ACAs: Q4 2021 Comparison

Institution

Farm Credit Services of America
Farm Credit Mid-America
Compeer Financial
GreenStone Farm Credit Services
AgCountry Farm Credit Services
FCS Financial
Farm Credit Illinois
AgHeritage Farm Credit Services
Farm Credit Services of Western Arkansas
Farm Credit Services of Mandan
Farm Credit Midsouth
Farm Credit Southeast Missouri
Delta Agricultural Credit Association

Total Assets (thousands)

Loan Volume (thousands)

Nonperforming Loan
Percentage

$37,380,293
$29,541,319
$27,008,498
$11,927,478
$9,533,332
$5,719,002
$5,136,166
$2,004,914
$1,732,746
$1,436,891
$1,229,232
$906,112
$36,726

$36,125,161
$27,455,426
$24,648,037
$11,552,284
$9,184,393
$5,513,835
$4,872,557
$1,951,433
$1,669,114
$1,383,959
$1,185,375
$855,846
$34,623

0.30%
0.76%
0.50%
0.42%
0.14%
0.21%
0.08%
0.19%
0.35%
0.38%
0.05%
0.26%
0.00%

General statistics of the 13 AgriBank ACAs from the fourth quarter of 2021.
Source: Call Reports available at the Farm Credit Administration database.
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Table 2. FCSA Quarterly Transition Probabilities: Agricultural Real
Estate Loans

Current
Nonperforming
Charge-off

Current
99.90%
50.63%
0.00%

Nonperforming
0.10%
48.97%
0.00%

Charge-off
0.00%
0.40%
100.00%
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Table 3. FCSA Quarterly Transition Probabilities: Agricultural Production
Loans

Current
Nonperforming
Charge-off

Current
99.99%
50.27%
0.00%

Nonperforming
0.01%
45.43%
0.00%

Charge-off
0.00%
4.30%
100.00%
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Table 4. FCSA Quarterly Transition Probabilities: Residential Real Estate
Loans

Current
Nonperforming
Charge-off

Current
99.99%
51.31%
0.00%

Nonperforming
0.01%
48.32%
0.00%

Charge-off
0.00%
0.38%
100.00%
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Table 5. FCSA Quarterly Transition Probabilities: Other Loans

Current
Nonperforming
Charge-off

Current
99.29%
49.47%
0.00%

Nonperforming
0.71%
47.02%
0.00%

Charge-off
0.00%
3.52%
100.00%
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Table 6. FCSA Quarterly Transition Probabilities: Agribusiness Loans

Current
Nonperforming
Charge-off

Current
99.75%
47.26%
0.00%

Nonperforming
0.25%
45.79%
0.00%

Charge-off
0.00%
6.95%
100.00%
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Table 7. FCSA Quarterly Transition Probabilities: Utility Loans

Current
Nonperforming
Charge-off

Current
99.48%
44.01%
0.00%

Nonperforming
0.52%
42.39%
0.00%

Charge-off
0.00%
13.60%
100.00%

69

Table 8. Farm Credit Services of America: Nonperforming loan expected
loss rates by loan type

Segment

Expected Lifetime
(years)

Expected Lifetime Loss
Rate

Agriculture Real
Estate

10

0.77%

Agriculture
Production

3

7.89%

Residential Real
Estate

7

12.81%

Agribusiness

10

23.60%

Utility

10

0.73%

Other

3

6.64%
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Table 9. Average AgriBank peer proxy expected lifetime loss rates by
loan type

Segment

Expected Lifetime
(years)

Expected Lifetime Loss
Rate

Agriculture Real
Estate

10

0.14%

Agriculture
Production

3

0.06%

Residential Real
Estate

7

0.36%

Agribusiness

10

1.51%

Utility

10

0.63%

Other

3

0.73%
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Table 10. Reported FCSA and average
AgriBank peer historic net charge-off rates: 2007
- 2021
Year

FCSA

AgriBank Peer Average

2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
Avg.

0.0393%
0.0230%
0.2053%
0.2430%
0.0397%
0.0676%
-0.0400%
-0.0046%
0.0226%
0.0300%
0.0187%
0.0138%
0.0127%
0.0357%
-0.0007%
0.0471%

0.0106%
0.0036%
0.0561%
0.0302%
0.0889%
0.0129%
0.0089%
0.0041%
0.0068%
0.0083%
0.0112%
0.0020%
0.0031%
0.0137%
0.0001%
0.0174%

Farm Credit Services of America (FCSA) and average
AgriBank peer historic charge-off rates between 2007 to
2021.
Source: Call Reports available at the Farm Credit
Administration database.
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Table 11. Farm Credit Services of America: Comparison of
estimated SCALE ACL and Q1 2022 reported ALLL
Allowance/Total Loans
SCALE ACL %
ALLL %

0.3617%
0.1670%

73

Table 12: FCSA: Net Interest Margin Comparison
Dollar amounts in
thousands

Total Interest Income
Total Interest Expense
Average Total Assets
NIM %

Q4 2021
$304,268
$99,064
$35,915,479

Q1 2022
$310,202
$206,507
$37,348,079

0.57%

0.28%

Farm Credit Services of America (FCSA) Net Interest
Margin (NIM) figures.
Source: Call Reports available at the Farm Credit
Administration database.
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Appendix A
Figure 1. Tab 1 – Summary of SCALE tool
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Figure 2. Tab 2 – Individually Assessed Loans
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Figure 3. Tab 3 – Adjustments for Qualitative Factors
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Figure 4. Tab 4 – Adjustments for Historical Losses
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Table 1: Small bank Quarterly Transition Probabilities: Commercial & Industrial

Current
Nonperforming
Charge-off

Current
99.36%
45.06%
0.00%

Nonperforming
0.64%
41.20%
0.00%

Charge-off
0.00%
13.75%
100.00%
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Table 2: Small bank Quarterly Transition Probabilities: Farm Production

Current
Nonperforming
Charge-off

Current
100.00%
48.08%
0.00%

Nonperforming
0.00%
43.80%
0.00%

Charge-off
0.00%
8.13%
100.00%
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Table 3: Small bank Quarterly Transition Probabilities: Lease Finance Receivables

Current
Nonperforming
Charge-off

Current
100.00%
34.18%
0.00%

Nonperforming
0.00%
34.01%
0.00%

Charge-off
0.00%
31.82%
100.00%
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Table 4: Small bank Quarterly Transition Probabilities: Credit Card

Current
Nonperforming
Charge-off

Current
97.00%
34.62%
0.00%

Nonperforming
0.61%
31.56%
0.00%

Charge-off
2.39%
33.82%
100.00%
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Table 5: Small bank Quarterly Transition Probabilities: Auto

Current
Nonperforming
Charge-off

Current
100.00%
17.16%
0.00%

Nonperforming
0.00%
15.88%
0.00%

Charge-off
0.00%
66.96%
100.00%
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Table 6: Small bank Quarterly Transition Probabilities: Individual Other

Current
Nonperforming
Charge-off

Current
100.00%
37.72%
0.00%

Nonperforming
0.00%
32.12%
0.00%

Charge-off
0.00%
30.16%
100.00%
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Table 7: Small bank Quarterly Transition Probabilities: Commercial Real Estate

Current
Nonperforming
Charge-off

Current
100.00%
50.19%
0.00%

Nonperforming
0.00%
44.76%
0.00%

Charge-off
0.00%
5.05%
100.00%
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Table 8: Small bank Quarterly Transition Probabilities: Farmland Real Estate

Current
Nonperforming
Charge-off

Current
99.99%
51.15%
0.00%

Nonperforming
0.01%
46.53%
0.00%

Charge-off
0.00%
2.33%
100.00%
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Table 9: Small bank Quarterly Transition Probabilities: Multifamily

Current
Nonperforming
Charge-off

Current
100.00%
48.59%
0.00%

Nonperforming
0.00%
46.13%
0.00%

Charge-off
0.00%
5.28%
100.00%
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Table 10: Small bank Quarterly Transition Probabilities: Construction Real Estate

Current
Nonperforming
Charge-off

Current
100.00%
21.98%
0.00%

Nonperforming
0.00%
73.73%
0.00%

Charge-off
0.00%
4.29%
100.00%
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Table 11: Small bank Quarterly Transition Probabilities: 1-4 Family

Current
Nonperforming
Charge-off

Current
99.44%
47.54%
0.00%

Nonperforming
0.56%
47.98%
0.00%

Charge-off
0.00%
4.48%
100.00%
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Table 12: Small bank Quarterly Transition Probabilities: Home Equity

Current
Nonperforming
Charge-off

Current
99.59%
46.74%
0.00%

Nonperforming
0.41%
44.11%
0.00%

Charge-off
0.00%
9.15%
100.00%
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Table 13: Medium bank Quarterly Transition Probabilities: Commercial & Industrial

Current
Nonperforming
Charge-off

Current
99.50%
43.72%
0.00%

Nonperforming
0.50%
41.28%
0.00%

Charge-off
0.00%
15.00%
100.00%
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Table 14: Medium bank Quarterly Transition Probabilities: Farm Production

Current
Nonperforming
Charge-off

Current
100.00%
46.12%
0.00%

Nonperforming
0.00%
43.15%
0.00%

Charge-off
0.00%
10.73%
100.00%
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Table 15: Medium bank Quarterly Transition Probabilities: Lease Finance Receivables

Current
Nonperforming
Charge-off

Current
100.00%
36.98%
0.00%

Nonperforming
0.00%
33.53%
0.00%

Charge-off
0.00%
29.49%
100.00%
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Table 16: Medium bank Quarterly Transition Probabilities: Credit Card

Current
Nonperforming
Charge-off

Current
99.90%
33.92%
0.00%

Nonperforming
0.10%
32.34%
0.00%

Charge-off
0.00%
33.74%
100.00%
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Table 17: Medium bank Quarterly Transition Probabilities: Auto

Current
Nonperforming
Charge-off

Current
100.00%
28.22%
0.00%

Nonperforming
0.00%
26.71%
0.00%

Charge-off
0.00%
45.07%
100.00%
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Table 18: Medium bank Quarterly Transition Probabilities: Individual Other

Current
Nonperforming
Charge-off

Current
100.00%
31.66%
0.00%

Nonperforming
0.00%
28.36%
0.00%

Charge-off
0.00%
39.99%
100.00%
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Table 19: Medium bank Quarterly Transition Probabilities: Commercial Real Estate

Current
Nonperforming
Charge-off

Current
99.90%
48.74%
0.00%

Nonperforming
0.10%
46.74%
0.00%

Charge-off
0.00%
4.52%
100.00%
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Table 20: Medium bank Quarterly Transition Probabilities: Farmland Real Estate

Current
Nonperforming
Charge-off

Current
99.98%
51.17%
0.00%

Nonperforming
0.02%
47.03%
0.00%

Charge-off
0.00%
1.80%
100.00%
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Table 21: Medium bank Quarterly Transition Probabilities: Multifamily

Current
Nonperforming
Charge-off

Current
99.66%
46.96%
0.00%

Nonperforming
0.34%
47.87%
0.00%

Charge-off
0.00%
5.17%
100.00%
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Table 22: Medium bank Quarterly Transition Probabilities: Construction Real Estate

Current
Nonperforming
Charge-off

Current
99.93%
48.32%
0.00%

Nonperforming
0.07%
46.20%
0.00%

Charge-off
0.00%
5.48%
100.00%
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Table 23: Medium bank Quarterly Transition Probabilities: 1-4 Family

Current
Nonperforming
Charge-off

Current
99.88%
47.91%
0.00%

Nonperforming
0.12%
47.83%
0.00%

Charge-off
0.00%
4.26%
100.00%
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Table 24: Medium bank Quarterly Transition Probabilities: Home Equity

Current
Nonperforming
Charge-off

Current
99.66%
45.10%
0.00%

Nonperforming
0.34%
46.90%
0.00%

Charge-off
0.00%
8.00%
100.00%
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Table 25: Large bank Quarterly Transition Probabilities: Commercial & Industrial

Current
Nonperforming
Charge-off

Current
99.65%
42.42%
0.00%

Nonperforming
0.35%
40.57%
0.00%

Charge-off
0.00%
17.01%
100.00%
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Table 26: Large bank Quarterly Transition Probabilities: Farm Production

Current
Nonperforming
Charge-off

Current
100.00%
47.53%
0.00%

Nonperforming
0.00%
43.50%
0.00%

Charge-off
0.00%
8.97%
100.00%
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Table 27: Large bank Quarterly Transition Probabilities: Lease Finance Receivables

Current
Nonperforming
Charge-off

Current
100.00%
33.44%
0.00%

Nonperforming
0.00%
31.38%
0.00%

Charge-off
0.00%
35.18%
100.00%
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Table 28: Large bank Quarterly Transition Probabilities: Credit Card

Current
Nonperforming
Charge-off

Current
99.77%
34.65%
0.00%

Nonperforming
0.23%
31.31%
0.00%

Charge-off
0.00%
34.03%
100.00%
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Table 29: Large bank Quarterly Transition Probabilities: Auto

Current
Nonperforming
Charge-off

Current
100.00%
32.89%
0.00%

Nonperforming
0.00%
29.53%
0.00%

Charge-off
0.00%
37.58%
100.00%
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Table 30: Large bank Quarterly Transition Probabilities: Individual Other

Current
Nonperforming
Charge-off

Current
100.00%
35.06%
0.00%

Nonperforming
0.00%
30.36%
0.00%

Charge-off
0.00%
34.58%
100.00%
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Table 31: Large bank Quarterly Transition Probabilities: Commercial Real Estate

Current
Nonperforming
Charge-off

Current
99.98%
50.62%
0.00%

Nonperforming
0.02%
44.98%
0.00%

Charge-off
0.00%
4.41%
100.00%

112

Table 32: Large bank Quarterly Transition Probabilities: Farmland Real Estate

Current
Nonperforming
Charge-off

Current
99.96%
51.61%
0.00%

Nonperforming
0.04%
46.72%
0.00%

Charge-off
0.00%
1.67%
100.00%
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Table 33: Large bank Quarterly Transition Probabilities: Multifamily

Current
Nonperforming
Charge-off

Current
99.95%
48.87%
0.00%

Nonperforming
0.05%
45.89%
0.00%

Charge-off
0.00%
5.24%
100.00%
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Table 34: Large bank Quarterly Transition Probabilities: Construction Real Estate

Current
Nonperforming
Charge-off

Current
100.00%
49.74%
0.00%

Nonperforming
0.00%
44.24%
0.00%

Charge-off
0.00%
6.02%
100.00%
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Table 35: Large bank Quarterly Transition Probabilities: 1-4 Family

Current
Nonperforming
Charge-off

Current
99.79%
49.18%
0.00%

Nonperforming
0.21%
47.11%
0.00%

Charge-off
0.00%
3.71%
100.00%
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Table 36: Large bank Quarterly Transition Probabilities: Home Equity

Current
Nonperforming
Charge-off

Current
99.75%
43.04%
0.00%

Nonperforming
0.25%
48.12%
0.00%

Charge-off
0.00%
8.85%
100.00%

